Using the coupled WRF-Noah model, we conducted two experiments to investigate impacts of the interannual variability of leaf area index (LAI) on the surface air temperature (SAT) in eastern China. The Moderate Resolution Imaging Spectroradiometer (MODIS) observed dynamic LAI data from 2002 to 2009 were used in one modeling experiment, and the climatological seasonal cycle of the MODIS LAI was used in the other experiment. The results show that the use of dynamic LAI improves model performance. Compared with the use of climatological LAI, the use of dynamic LAI may reduce the warm (cool) bias in the years with large positive (negative) LAI anomalies. The reduction of the warm bias results from the modeled cooling effect of LAI increase through reducing canopy resistance, promoting transpiration, and decreasing sensible heat flux. Conversely, the reduction of cool bias is a result of the warming effect of negative anomaly of LAI. The use of dynamic LAI can improve model performance in summer and to a lesser extent, spring and autumn. Moreover, the dynamic LAI exerts a detectable influence on SAT in the WRF model when the LAI anomaly is at least 20% of the climatological LAI.
Introduction
A large amount of evidence shows that terrestrial vegetation is an important dynamic component of the climate system [1] [2] [3] [4] . Terrestrial vegetation regulates the local/regional weather and climate through modifying the surface energy budget, modifying partition of surface net radiation between latent heat flux and sensible heat flux, modifying surface wind, as reviewed by Notaro et al. [5] . For instance, coupling a dynamic vegetation model could upgrade the ability of the climate model to capture low-frequency variability of precipitation in the Amazon region [6] . The coupled WRF-Noah model could simulate climate warming closer to ground measurements by using a dynamical green vegetation fraction rather than by using a climatological fraction [7] . Therefore, it would be valuable to accurately describe vegetation properties in climate models to improve model performance.
In climate models, the land surface submodel is used to simulate the dynamics of moisture and heat within soil and surface heat and moisture fluxes to the atmosphere. The Noah land surface scheme (Noah LSM) is an intermediatecomplexity land surface model that can provide reasonable diurnal and seasonal variations of surface heat fluxes [8] . The Noah LSM is employed in the National Centers for Environmental Prediction (NCEP) operational mesoscale Eta model [9] , the Mesoscale Model (MM5) [8] , the Weather Research and Forecast (WRF) model, and other mesoscale models. The WRF model is a next-generation mesoscale model designed to serve both atmospheric research and operational forecasting. It includes atmospheric dynamics and parameterizations of mesoscale atmospheric processes that could be comparable to or more comprehensive than those found in most global climate models. The coupled WRF-Noah model has been widely used to simulate regional climate changes [10] and to study surface-atmosphere interactions [7, 11, 12] .
There is one canopy layer in the Noah LSM. The canopy properties are represented by a group of parameters including leaf area index (LAI), green vegetation fraction ( ), albedo, emissivity, and canopy height. The albedo and emissivity regulate the surface radiation balance. The LAI and are the key parameters used to simulate canopy evaporation ( ) and canopy transpiration ( ). Thus, these parameters regulate the partitioning of surface net radiation between sensible heat flux and latent heat flux [8] . Specifically, while and simulations are largely affected by , simulations are also affected by LAI through the regulation of canopy resistance. Hong et al. [13] reported that evapotranspiration and surface air temperature (SAT) simulations in the coupled WRF-Noah model were highly sensitive to when comparing simulated results from three different datasets to ground measurements. Ge et al. [7] showed that the use of an observed dynamic would better reproduce climate warming in the last two decades of the 20th century than the use of a fixed climatological . These findings suggest that realistic data would be valuable for improving the performance of coupled models. However, little is known about the sensitivity of the coupled WRF-Noah model to LAI.
The goal of this study is to investigate the responses of SAT to the interannual variability of LAI in the coupled WRF-Noah model. The paper is organized into the following sections: Section 2 introduces the experiment design, Section 3 presents the results, and Section 4 presents the concluding remarks and discusses potential future research directions. Figure 1 ) and 28 vertical levels with 50 hPa at the top level of the atmosphere. The simulations were driven by 1.0 × 1.0 degree resolution 6-hourly NCEP FNL reanalysis data (available from the RDA (http://rda.ucar.edu/datasets/ds083.2/) in dataset number ds083.2). The main physical parameterizations used in this study include the WSM 3-class simple ice microphysics scheme [15] , the Grell-Devenyi ensemble convective parameterization [16] , the Community Atmospheric Model (CAM3) radiation package [17] , the Yonsei University planetary boundary layer scheme [18] , and the Noah land surface scheme [8] .
Methods

Experiment Design and
The dynamic LAI data used by DYC were taken from MCD15A2, a dataset retrieved by combining observations from both Aqua/MODIS and Terra/MODIS [19] . The global assessment shows that the MODIS LAI has an average uncertainty of 0.17, accounting for 11.5% of the mean LAI. Such uncertainty is much less than that of other prevailing LAI datasets such as GEOV1, GLASS, GLOBMAP, and JRC-TIP [20] . The MCD15A2 dataset is provided with a 1 km resolution and an eight-day interval. We aggregated the 1 km resolution LAI into 30 by 30 km WRF model grid cell resolution by calculating the mean value of the valid pixels within a grid cell. Then, we linearly interpolated the eightday data to obtain daily LAI. It is worth noting that when more than 80% of the 1 km pixels within one WRF model grid cell were missing or were lower quality (i.e., cloud and cloud shadow, average or high aerosol levels, or snow/ice were detected), the corresponding WRF model grid cell was treated as missing data at that time point. Then, the missing data were estimated by linear interpolation using the LAI values from the last time point and next time point of the same grid cell.
To evaluate the modeling results, the global high-resolution gridded temperature dataset CRU TS3.0 (available at http://badc.nerc.ac.uk/view/badc.nerc.ac.uk ATOM dataent 1256223773328276) was used. This dataset has a spatial resolution of 0.5 × 0.5 degrees. It was generated from in situ measurements from a large number of stations worldwide, as described by Mitchell and Jones [21] .
Data Analysis.
The data analysis included two parts: evaluating the control (DYC) simulation and diagnosing the effects of dynamic LAI on the SAT simulation. We first evaluated grid cell-based bias of mean SAT of 2002-2009 from DYC. The biases were represented by root mean square error (RMSE; (1)). We also computed the correlations between the time series of simulated SAT from 2002 to 2009 and observations for each grid cell. The correlation coefficients represent the ability of the coupled WRF-Noah model to capture interannual variability of SAT. It is noted that the 30 km simulations were spatially aggregated into the 0.5 degree resolution of CRU grids before evaluation. These evaluations were performed for spring (March to May), summer (June to August), and autumn (September to November). Consider
where denotes the RMSE and and represent simulated values and observed values at the year , respectively. To diagnose effects of dynamic LAI on simulated SAT, we first calculated the LAI anomaly for each year and each grid cell. The LAI anomaly was calculated by removing the climatological LAI from the observed dynamic LAI. The years with the maximum (positive) and minimum (negative) LAI anomalies for each grid cell were identified. The grid cell-based spatial correlations between the LAI anomaly and the difference in the DYC-and FIX-simulated SAT (DYC minus FIX) for the corresponding year were computed for the years with maximum and minimum LAI anomalies. Then, we evaluated the grid cell-based bias of the simulated SAT by comparing it to the observations in the maximum/minimum LAI anomaly years for the DYC and FIX simulations. In the following section, we compared the modeled SAT bias of the DYC simulation to that of the FIX simulation. The differences in biases of modeled SAT from the DYC and FIX simulations were revealed.
To investigate the possible physical mechanisms related to the modeled SAT differences in the DYC and FIX simulations, 
Simulation domain (black-dashed line) and land cover (derived from MODIS land cover products released together with WRF surface static dataset).
we analyzed the correlations between time series of LAI anomalies and the corresponding differences in the DYC and FIX simulated surface energy budgets (DYC minus FIX) for each grid cell. We performed the analysis in spring (March to May), summer (June to August), and autumn (September to November) because both the LAI anomaly and its potential impacts on SAT may vary with seasons. The study area covers a broad domain from low latitudes to mid-high latitudes ( Figure 1 ). The vegetation growth in the extra-tropical areas, excluding the small tropical area in the low latitudes, ceases in winter (December to February). Therefore, we did not include winter in the analysis. Sparse vegetation and bare land were also excluded. Figure 2 shows the mean and standard deviation of LAI from 2002 to 2009 for spring, summer, and autumn. In spring and autumn, aside from a distinguished low LAI (less than two) area in the northwest with sparse vegetation and bare land, the mean LAI generally decreased from approximately seven at the south end to approximately three at the north end. In summer, the northeast area exhibited a low LAI (less than three). For the other areas, the geographical gradient from south to north is too slight to be detected and the high LAI (greater than six) could be found everywhere. The standard deviations indicate the interannual variability. In spring and autumn, the LAI of southern areas has greater interannual variability (the standard deviation is approximately 0.3) than that in the northern areas. In summer, the interannual variability of LAI is larger in grassland in the north and in evergreen broadleaf forest in the south than that in the other areas. Generally, the grassland in the north had larger interannual variability (the standard deviation is approximately 0.8) than the evergreen broadleaf forest in the south. (Figure 4) . Specially, the correlations in the north of the simulation domain were generally over 0.8 and significant ( < 0.01). For summer and autumn, there are small areas of negative correlations that are mainly found over sparse vegetation. Figure 5 illustrates grid cellbased maximum LAI anomalies and the corresponding differences between simulated SAT from DYC and FIX (DYC minus FIX). At the grid-cell scale, the differences in simulated SAT were negatively correlated with the LAI anomaly ( = −0. increases by 10% of the climatological LAI. In spring and autumn, the cooling effects are small. Moreover, the cooling effects are hard to be detected when the LAI anomaly is less than 20% of the climatological LAI. Figure 6 shows the minimum LAI anomaly and the corresponding differences between simulated SAT from DYC and FIX (DYC minus FIX). The difference between simulated SAT from DYC and FIX was also negatively correlated with the LAI anomalies ( = −0.38; < 0.001). The larger negative LAI anomalies spatially coexisted with higher simulated SAT in DYC (compared to the simulated SAT in FIX). Such negative correlations confirmed the above-mentioned cooling effect of vegetation. Again, the spatial correlations in summer were higher than those in spring and autumn. In summer, SAT increased approximately by 0.06 ∘ C when LAI decreased by 10% of the climatological LAI. In spring and autumn, the SAT changes were 25% or less of those changes seen in summer. The effects were generally too small to be detected when the LAI anomaly was less than 20% of the climatological LAI. Figure 7 shows grid cell-based maximum and minimum LAI anomalies and the corresponding biases of simulated SAT from the DYC and FIX simulations (DYC minus observations and FIX minus observations). Use of dynamic LAI could likely improve the performance of the WRFNoah model in summer. Compared with the observations, the FIX simulation had a cool bias with a negative LAI anomaly and a warm bias with a positive LAI anomaly. The larger LAI anomaly is associated with the larger SAT bias in the FIX simulation. By using the dynamic LAI, the DYC simulation might reduce the biases. More specifically, the FIX simulation would underestimate SAT at the grids for years with a negative LAI anomaly as a consequence of the prescribed higher LAI value compared with the dynamic LAI. The FIX simulation would also overestimate SAT at the grids for years with a positive LAI anomaly as a consequence of the prescribed lower LAI value compared with the dynamic LAI. It seemed that the DYC simulation with the prescribed dynamic LAI value could reduce the bias. The reductions of the simulated SAT bias were stronger for the grids during a year with large LAI anomalies than those with small LAI anomalies. The bias reduction of simulated SAT was generally detectable when the LAI anomaly was over approximately 20% of the climatological LAI in summer. However, the bias of simulated SAT was generally not reduced in spring and autumn by the use of the dynamic LAI data.
Results
Evaluation of the Control Simulation.
Effects of Dynamic LAI.
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Physical Mechanism of Regulation of LAI on SAT.
To explain the above-mentioned findings, we analyzed the role of LAI in the Noah LSM. The Noah LSM includes parameterization of canopy resistance ( ) following (2) [22] . Lower has the potential to result in more latent heat flux and less sensible heat flux and vice versa for higher :
where 
where 1 , 2 , 3 , and 4 are subject to 0 and 1 as lower and upper bounds and represent the effects of photosynthetically active radiation, vapor pressure deficit, air temperature, and soil moisture. min , max , , and 1 are coefficients depending fully on vegetation types without regard to the environment. Based on (2), LAI regulates through two pathways: (1) direct reverse linear regulation and (2) the modifying factor of photosynthetically active radiation. In the second pathway, high LAI results in more photosynthetically active radiation and thus lower . Overall, high LAI has the potential to reduce and produce more transpiration. Additionally, a warm and dry atmosphere and moist soil are good for low . Figure 8 confirms the role of LAI prescribed by (2). We found widespread positive correlations between the LAI anomaly and differences in latent heat flux from DYC and FIX (DYC minus FIX) and negative correlations between the LAI anomaly and differences in sensible heat flux over a large area. Additionally, there are widespread negative correlations between the LAI anomaly and differences in surface Bowen ratio. The correlations do not always have a consistent sign (positive or negative) over the study area, suggesting that the LAI interannual variability might not only affect local fluxes but also have remote influence through its impact on atmospheric processes. Nonetheless, the widespread correlations with the same sign suggested that high LAI could result in more latent heat and less sensible heat at the grid scale. Significant correlations ( < 0.05) could be found in the northern part of the grassland and in the evergreen broadleaf forest where the LAI interannual variability is large. These findings explain the above-mentioned cooling effect of LAI increases. In the Noah LSM, the increased LAI would reduce the canopy resistance ( ) and thus have the potential to produce more transpiration. Therefore, more energy would be used for transpiration and less sensible heat flux would be available to heat the lower atmosphere. Equation (2) also helps explaining why the climatic effects of LAI anomalies were larger in summer than in spring and autumn. It is well known that in this study area, spring and autumn generally have a cooler atmosphere and drier soil than summer. According to (2) , low temperature and soil moisture would lead to high . Under these conditions, would remain high and experience sensitivity to temperature and soil moisture, whereas the would not be sensitive to the changes in LAI. As a result, the anomaly of LAI only weakly regulates SAT. Summer is characterized by a warm atmosphere and moist soil. The heat and moisture can adequately lead to low . Under these conditions, LAI would largely determine the changes. Therefore, the simulated Bowen ratio and SAT are more sensitive to LAI anomaly in summer than in spring and autumn.
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Conclusion and Discussion
In this study, we investigated the responses of SAT to the interannual variability of LAI using the coupled WRF-Noah model. The results show that high LAI implies low canopy resistance ( ) in the model and may produce more latent heat flux and less sensible heat flux. Therefore, high LAI would have a cooling effect and low LAI would have a warming effect in the model. As a result, use of the fixed seasonal cycle of LAI could produce different SAT from the use of the dynamic LAI. Our results also show that the WRF-Noah model with the prescribed dynamic LAI value could reduce the bias of simulated SAT compared with the prescribed fixed seasonal cycle of LAI in summer. However, the simulated SAT bias was generally not reduced in spring and autumn using the dynamic LAI data. Our findings indicate that use of the dynamic LAI dataset in the coupled WRF-Noah model may improve the model performance in simulating SAT in summer. Furthermore, these findings support the value of dynamical vegetation for understanding climate changes. Including a component of dynamical vegetation in the integrated climate system model is valuable, as pointed out by Wang et al. [23] .
Although using the dynamic LAI in the summer demonstrated detectable improvement, the reduction of the simulated SAT bias was found only when the LAI anomaly was over 20%. Furthermore, the bias reduction was relatively small (approximately 0.03 ∘ C when the LAI anomaly was 10%) compared with the model bias. The sensitivity of simulated SAT to LAI variability seems to be much less than that of variability, as shown by Ge et al. [7] .
This study improves our understanding of the sensitivity of SAT to LAI interannual variability in the coupled WRFNoah model in eastern China. However, several caveats should be noted. First, the satellite-based LAI product is not an exact match for the Noah LSM. The satellite-based LAI data describe the gridded LAI, which includes the effects of both the vegetated and nonvegetated land, whereas the LAI in the Noah LSM refers to the value over the vegetated portion of the grid. Such discrepancies might cause large uncertainties of the prescribed LAI values in the model. Second, we have only analyzed the local effects of LAI variability in this study. The LAI variability could also remotely affect atmospheric processes through its impact on heat and water fluxes between the land surface and the atmosphere. The remote influence should be investigated in future research. Third, this study considered all types of vegetation together to investigate the effects of LAI anomalies on SAT; however, the intensity of such effects might vary with vegetation type. In future research, it is worthwhile to study the effects of each vegetation type individually. Finally, it is well known that the occurrence of rainfall is also associated with surface heat and moisture fluxes. The effects of land use change on rainfall have been well-documented [24] ; however, we know little about the effects of interannual variability of LAI on rainfall. Therefore, the effects of dynamical LAI on rainfall would also be a potential research direction.
